Abstract-The sizing of a stand-alone wind-photovoltaic-battery hybrid renewable energy system (HRES) is greatly influenced by socio-demographic factors however, few studies have examined how sociodemographic factors, as borne out by different electrical usage patterns, influence the size of HRESs. This paper investigates how these factors influence the optimal sizing of a stand-alone HRES using a hybrid optimization method to match the available renewable energy with the demand. In this regard, different energy usage patterns resulting from users socio-demographic profile have been investigated and used for the optimal sizing of a HRES. The results show that the electricity usage profile of a site has a significant impact on the sizing and design of the system. Further, the results illustrate that one can design a system that meets the demand profiles resulting from socio-demographic factors with a minimum unmet load; however, by optimizing systems to the users socio-demographic profile, significant cost savings can be made.
INTRODUCTION
From extensive research, photovoltaic (PV) and wind turbine generation (WG) technologies have been developed to such an extent that they can compete as an economical alternative to conventional power generating systems. However, the inconsistent nature of their output makes them unpredictable and costly sources of power when they are used alone, thus necessitating the development of stand-alone hybrid renewable energy system (HRES). In these systems, a battery bank is usually used as a backup power supply to satisfy demand when energy from the renewable sources is not sufficient. The complementary production capabilities of PV and WG enable the weaknesses associated with each to be overcome, and hence reduce the size of these storage devices. Moreover, a wind-PV-battery system is considered as one of the most commercially viable configurations of HRES (Deshmukh and Deshmukh, 2008 ) .
An optimum mix and selection of each HRES device is crucial in order to make a wind-PV-battery system reliable and cost effective. In addition, the non-linear system characteristics, the transient user demand and the variable generation from WG and PV-modules makes the size optimization of a HRES complicated.
Therefore, an optimization method that matches the energy generation with the demand of a site needs to be applied to ensure the lowest investment with adequate and full use of resources.
Among the many optimization methods, the exhaustive search method and genetic algorithms (GA) have been widely investigated. In numerous studies the exhaustive search method was used for sizing a WG, PVmodules and batteries for a desired reliability index, typically the loss of power supply probability (LPSP) (Ai et al., 2003; Salameh, 1996, 1994; Diaf et al., 2008; Kaabeche et al., 2011; Kellogg et al., 1998; Yang et al., 2007) .
In a study by (Zhou et al., 2010) a number of different combinations of devices were checked for a desired LPSP either by linearly changing the corresponding decision variables or by employing linear programming techniques. The combination delivering the lowest total cost was considered as the optimum for a given demand. However, in doing so two important parameters, PV module slope angle and WG installation height,
were not considered as they greatly increased the number of iterations.
To overcome the time associated with reaching an optimum solution by exhaustive search means, numerous researchers have looked to the use of heuristic methods such as genetic algorithms (GA). In this regard genetic algorithms, were introduced in Koutroulis et al. (2006 ), in Yang et al. (2008 ), in Tégani et al., (2014 and in Gupta et al., (2012) for the optimal sizing of a HRES while Hong et al., (2012) made use of a Markov-based GA for sizing a stand-alone power system consisting of wind, PV and a diesel generator. More recently González et al., (2015) made use of GA for optimizing a grid connected hybrid system consisting of photovoltaics and wind.
Given the increased speed with which GA's can converge to an optimum configuration (though they still require large numbers of iterations to identify a global optimum) these studies included both WG installation height and PV-module tilt angle in their optimization. Now, despite the work that has gone into the development of new optimization methods and studies examining the optimization of HRES systems, few studies have examined how the demand placed on such systems impacts their size.
In particular the load profile of a site is of great importance as it dictates the size of the system components, however, for many applications (particularly residential dwellings) this load is often stochastic in nature and governed by a wide range of internal and external factors such as the socio-demographic characteristics of the households' occupants and also seasonal variations (Stoecklein et al., 2001 ).
In a number of previous studies examining the optimal size of a HRES, the average hourly load profile of a day, or monthly average daily load, was repeated throughout the year to determine the optimum (Ma et al., 2014; Rouhani et al., 2013) . Similarly, in Baniasad Askari et al. (2014) the monthly average daily demand profile was considered, however the temporal position of peak demand in the profile remain fixed. In a similar vein, Aissou et al. (2015) considered only the average energy consumption of an application in when sizing a wind-PV-battery hybrid system. In doing this, all the approaches do not consider the impact of sociodemographic factors, borne out as a variation in the temporal distribution or magnitude of loads that occur in reality.
Given the potential variation in electricity demand, as a function of the socio-demographics of a household, Stoecklein et al. (2001) undertook a wide ranging study of household electricity use in 40 New Zealand houses. In this they noted that the demand profile of a site could be classified into six different types of electricity users, as a result of the socio-demographic factors and seasonal variation. In this work, the average hourly load profiles of each of these six socio-demographic groups are investigated and the optimal sized system for each type of user is suggested.
SYSTEM MODELLING
To determine the optimal size of the HRES for each socio-demographic user group a generic WG-PVbattery HRES was modelled (as shown in Fig.1 ) for operation across a full year in Auckland, New Zealand To simplify the system modelling, the WGs, PV-modules and batteries were considered to be connected to DC and AC loads through a 24V DC bus (Tito et al., 2013) with the characteristics of each component discussed in the following sub-sections.
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Fig. 1: A WG-PV-Battery hybrid renewable energy system
Wind turbine generating (WG) model
The wind speed of a site determines the specific power output, Pw (W/m 2 ) from a WG and the relation can be expressed by equation (1) (Chedid et al., 1998) .
,v(t)is the wind speed at an hour t, =
, Pr is the rated power, vci, vr and vco are the cut-in, rated speed and cut-out of the wind turbine respectively as provided by the manufacturer of the selected turbine (Tito et al., 2013) . Now the hourly wind speed at a reference height of 33m is given in the EnergyPlus weather files (Department of Energy, 2013) and subsequently, the wind speed at any height can be calculated using equation (2) (Patel, 1999) .
where, vh and vr are the wind speed at the hub height, h(m) and the reference height, hr (m) respectively and α is power law exponent, taken to be 1/7 for open space (Borowy and Salameh, 1996) . As such, the actual electrical power from a WG can be found by equation (3).
Where ηWG is the efficiency of the wind turbine generator and corresponding converters and AWG is the total swept area of the WG.
Photovoltaic module model
The maximum output power of a PV array at any time on a day is calculated using the PV module specifications provided by the manufacturer and it can be expressed by equation (4) (Koutroulis et al., 2006) :
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where . Thus, the total power output from a PV array is given by equation (5).
VOC(t,β) is the PV-module open circuit voltage (V) at hour t, ISC(t,β) is the PV-module short circuit current (A) at hour t, FF(t) is the fill factor of hour t, VOC-STC
where NP and NS are the number of PV modules connected in parallel and in series respectively and is the PV-module's and corresponding converter's efficiency (Tito et al., 2013) . In this work, the employed sizing optimization method determines the number of parallel connections of PV modules and the number of PV modules connected in series, as defined by the bus voltage.
Battery model
For the optimization it is assumed that the surplus electrical energy from the WG and PV-modules is stored in lead-acid battery banks and energy is extracted from the battery when the energy generation from these renewable sources is not sufficient. The instantaneous state of charge (SOC) is usually used to determine the charging and discharging state of a battery. The instantaneous SOC of a battery can be calculated by equation 
Where SOC(t) and SOC(t-1) are the SOC at the current (t hour) and previous (t-1) hour respectively, σ is the self-discharge rate (assumed to be 0.2% per day) and Cbat is the capacity of a battery. The battery charge efficiency ( ) is taken to be 0.8 and the discharge efficiency is taken to be 1 as suggested by Yang, et al. (2008) . As such, the battery current of a hybrid WG-PV at any time is given by equation (7).
where PWG(t) and PPV(t)are the power generated by the WGs and the PV modules respectively at an hour t, PLOAD(t) is the demand at an hour t and Vbat.(t) is the battery voltage at an hour t.
Load profile
As mentioned earlier, the load profile that a HRES is required to meet can have a significant influence on the sizing of the system and hence there is a need to match generation with demand for a particular location.
Previously, Stoecklein et al. (2001) , undertook extensive studies on time-of-day energy use data for forty New
Zealand households with a view to determining generic daily demand profiles. Due to the considerable variation of the energy usage profile throughout the year, the analysis was conducted on monthly averagedaily profiles, thus the profiles also included the effect of seasonal variation. In this respect 239 profiles collected from these forty houses were classified using a Kohonen probabilistic neural network (Kohonen, 1989) into six different types based on the variation of the time of energy use. Fig. 2a-f shows the six demand profiles identified for use in this optimization, each of which is the average of their class. An examination of these six profiles reveals that each of them is markedly different from the others both in temporal position and amount of energy use. Based on these six classes, it is possible to illustrate the effect of socio-demographic factors and seasonal demand variations on the optimal sizing of a HRES and the size of a HRES can be optimized with these various demand profiles of a site for a zero LPSP.
OPTIMISATION METHOD
For this study, the aim was to minimize the total cost of ownership over the life of the HRES while maintaining an LPSP of zero for each class of energy user. Hence, the total cost consists of the capital cost of WGs, PV-modules and batteries, and 20 years total maintenance and operation costs, as given by the objective function shown in equation (8) Subject to the constraints in equation (9):
where, NPV(NS×NP) is the number of photovoltaic modules, CPV is the capital cost of a photovoltaic module, MPV is the yearly maintenance and operational cost of a PV module, NWG is the number of wind turbine generators, CWG is the capital cost of a WG, MWG is the yearly maintenance and operational cost of a WG,
Nbat.is the number of batteries, β is the photovoltaic tilt angle, h is the WG installation height in m, Ch is the capital cost per unit height of a WG tower, Cbat. is the capital cost of a battery, Mh is the annual maintenance and operational cost per unit height of a WG tower, Mbat.is the annual maintenance and operational cost of a battery and ybat. is the expected number of battery replacements during a 20 years period (Tito et al., 2013) . Now, previously it was noted that the exhaustive search technique and the GA global optimization method, require a large number of iterations in order to converge to the optimal size of a HRES. Furthermore, stochastic GA methods are unable to guarantee optimal solutions even with a large number of generations. Thus, a hybrid method was implemented and utilized for sizing a HRES throughout this work, as shown in Fig 3. The method utilizes the advantages of both GA and the exhaustive search technique there by eliminating the drawbacks associated with each individually. A key property of a GA is that it converges quickly to the approximate optimal solution, hence this property was exploited to define the bounds of the decision variables for an exhaustive search. To achieve this several runs of only 300 generations of a GA (Fig 4) were used, such that each run approximated the "optimal"
size of a HRES and thus could be used to confine the search space. In each case, the number of chromosome was taken to be 32, natural selection rate was 0.5, crossover rate was 0.8 and mutation rate was 0.4. These parameters are selected in a way to optimize the required computation time and to prevent immature convergence. The elitist technique of the crossover operation generates a new generation of chromosome from the selected solutions except the best solution of the previous generation. As the chromosomes converge quickly with lower mutation rates, the new generation of population due to the crossover operation may scatter within the limited search space and become trapped in local minima. The mutation rate was therefore kept higher so that the GAs could explore a much wider region in the search space to ensure adequate definition of the search space for the subsequent exhaustive search. The best solution in each generation was compared with the global best and any improved result was stored as a new global best. This increased the probability of reaching the global optimum solution within a reasonable number of generations.
Subsequently the exhaustive search technique was employed to find all combinations within the bounds identified by the GA that satisfied the desired LPSP. The combination with lowest life-time cost was taken as the optimal size of the HRES for the given demand. As the searching space of the iterative method can be reduced by the GA, the PV-module tilt angle (β o ) and the WG installation height (h) could also be included in the decision variables.
Fig. 4: Limited generation genetic algorithm
In order to demonstrate the hybrid optimization method, a HRES operating for a full year in Auckland, was sized for the "high night use" load profile. Several approximate optimal sizes for the HRES resulting from only 300 generations of the GA are shown in Table 4 . Subsequently the bounds of the exhaustive search can be defined by the minimum and maximum values of the decision variables resulting from the approximate optimal sizes of a HRES suggested by the GA. In this respect, Table 5 shows the bounds of the variables taken from the results of Table 4 . With the upper and lower limits of the decision variables defined by the GA, the exhaustive search method can find all feasible combinations relatively quickly. 
h(m)
As validation of the method, the optimized size of the HRES obtained by the hybrid method was cross referenced with the solutions obtained by a GA alone, as shown in Table 6 . It is apparent from this that both these methods provide the same size HRES for the given load profile, thus demonstrating their capability.
However, as the hybrid optimization method obtained the optimal size within a smaller number of iterations and so was used for optimal sizing of the HRES for all usage profiles. 
Optimal size considering socio-demographic factors
To explore the effect of socio-demographic factors on the optimal sizing of a HRES with zero LPSP each of the load profiles shown in Fig. 2 , and an average of all profiles, was analyzed for a full year of operation during an Auckland TMY, the results of which are shown in Table 7 . It is evident from the Pearson's correlation coefficient values that the "high night use" profile shows a strong negative correlation with the solar radiation and wind speed of the site. From this it can be inferred that, for heavy night usage the storage size needs to be increased significantly to meet the load, as was borne out by the optimization. On the other hand, for loads exhibiting a positive correlation, such as the "flat day use" profile, the solar and wind require less storage capacity as the instantaneous generation can satisfy much of the demand. Now a key consideration of optimizing a HRES with respect to socio-demographic factors is in understanding how a system sized for one class of user responds to the demands from another class of user, for instance if there is transfer of ownership of the system. Therefore, a cross comparison of the LPSP was undertaken for each system operating with other load profiles as shown in Table 9 . From this it is found that only the optimized system for "high night use" profile could provide a zero LPSP for all loading conditions. However, such a system significantly increases the cost by trying to satisfy the highest night use and lower day use profile compared to the cost of other classes. Conversely, the optimized size for "Flat day use" and "Evening peak use" show good performance in meeting the conditions of all classes with moderate system cost.
From the results shown in this work it is apparent that greater consideration must be made of sociodemographic factors in optimally sizing stand alone hybrid renewable energy systems. From the six types of electricity users identified it was found that the optimal sized system for one user cannot necessarily satisfy a different user of with zero loss of power supply probability unless the system becomes larger (more generation and storage) and therefore more costly. In this respect the cost is influenced significantly by the magnitude and temporal positions of the peak demand. Furthermore, the temporal position and duration of the peak demand and their relationship to the availabilty of wind and solar radiation should be taken into account in order to find the optimal size of HRES.
Thus, it is suggested that the HRES size that minimizes the total system cost as well as the unmet demand with all the classified socio-demographic load profiles of the site for a desired reliability can be considered as an overall optimum. However, by optimizing with consideration to the owners socio-demographic profile, borne out by the nature of their electricity usage, the system cost can be reduced.
